Our purposes are to develop a conventional computer-aided diagnostic (CAD) scheme and a new fusion CAD scheme for the detection of lung nodules in multi-projection chest radiography, and to verify that information fused from the multi-projection chest radiography can greatly improve the performance of the conventional CAD scheme. The conventional CAD scheme processed each of the three projection images of a subject independently, and discarded the correlation information between the three images. The fusion CAD scheme registered all candidates detected by the conventional CAD scheme in the three images of a subject, and integrated the correlation information between the registered candidates to remove false positives. The CAD schemes were trained and evaluated on a database with 97 subjects. At the sensitivities of 70%, 65% and 60%, the conventional CAD scheme reported 20.4, 13.6 and 8.8 false positives per image, respectively, whereas the fusion CAD scheme reported 4.5, 2.8 and 1.2 false positives per image, respectively. The fusion of correlation information can markedly improve the performance of CAD scheme for lung nodule detection.
INTRODUCTION
Lung cancer is the leading cause of cancer-related mortality. The primary reason for this high mortality is that many patients present with advanced-stage disease, and miss the best opportunity of potentially curative surgery. Thus, the early diagnosis and treatment of lung cancers is significant for the improvement of the survival rate for patients with lung cancer.
A multi-projection chest radiography system 1 was designed and developed in the Department of Radiology at Duke University; it was modified from a standard x-ray system, in which the x-ray tube can move along the horizontal and vertical axes. By use of this multi-projection chest radiography system, each subject will be acquired with three chest radiographs, including a posteroanterior (PA) image and two images at oblique views of +/-3 degrees. Previous study has shown that with the multi-projection radiography, radiologists improved their detection performance of early-stage lung cancer compared with the use of the standard chest radiography.
We developed a conventional CAD scheme and a new fusion CAD scheme to detect lung nodules in multiprojection chest radiography. The conventional CAD scheme consisted of three step for (1) identification of initial nodule candidates inside lungs, (2) nodule candidate segmentation based on dynamic programming, and (3) feature determination and false positive reduction using a piecewise linear classifier. The fusion CAD scheme included two additional steps for registration of all nodule candidates in the 3 images of a subject and integration of correlation information between the registered candidates in the 3 images.
MATERIALS AND METHODS

Image database
The multi-projection chest radiographs were clinically obtained from the Duke Hospital, and each subject had three images, including a PA image and two images acquired at oblique views of +/-3 degrees. The radiation dose for acquiring each of the three projection images was approximately a third of that for acquiring a standard PA radiograph, and the total radiation dose was approximately equal to that of a standard PA radiograph. In order to reduce the processing time, we resampled the multi-projection chest radiography by averaging 16 pixels in a 4×4 region. The resampled image had a pixel size of 0.776 mm and a matrix size of 512×374.
Our database consisted of 97 subjects, including 43 subjects with 45 nodules and 54 subjects without nodules. The 45 nodules ranged from 5 to 20 mm in diameter, including 7 real and 38 simulated ones. The simulated nodules were generated by use of an algorithm developed by Alessandro et al. 
Identification of initial nodule candidates
We first delineated lung boundaries by an existing profile analysis algorithm 3, 4 , and then employed two Difference of Gaussian (DoG) filters to enhance relatively small and large nodules. For small nodules, the scales of the DoG filter were empirically determined at 2.4 mm and 3.6 mm; for large nodules, the scales were 4.0 mm and 6.0 mm. In the nodule-enhanced image, nodules were enhanced considerably, and could be detected more reliably.
Initial nodule candidates were identified by a multiple thresholding technique. Starting from an initial threshold, the threshold was decreased by a step of 5 each time. A binary image was obtained at each threshold level, and the objects with areas between 10 and 100 pixels (7.8-77.6 mm2) in the binary image were retained as initial nodule candidates. The process of multiple thresholding segmentation was terminated if the threshold was less than 400, or the total number of the pixels in the initial nodule candidates in the binary image was larger than 90% of the entire image. A sum image was determined by adding corresponding pixels in all binary images obtained with the multiple thresholding segmentation. If a pixel in the sum image was equal to or larger than 3, it was considered as a pixel in the initial nodule candidate.
Segmentation of initial nodule candidates
Because the shapes of initial nodule candidates aforementioned were quite different from those of true nodules, each nodule candidate was re-segmented accurately in the original images by use of dynamic programming. First, a small region of interest (ROI) of 41×41pixles was defined at the center of each nodule candidate, and then the effect of background trend was removed by use of a linear function. Sixty radial lines (6 degree apart) of 21 pixels long were evenly drawn from the center of the ROI, and all the pixels on them were arranged sequentially to form a transformed polar-coordinate image. The optimal outline of the nodule candidate in the transformed polarcoordinate image was obtained with dynamic programming; it consisted of 60 edge points (each column has one and only one edge point), and would have the lowest cumulative cost compared with all other possible outlines.
The cumulative cost was defined as the sum of local costs of all edge points on the outline, and the local cost at each edge point was represented by the weighted sum of the internal and external costs. The internal cost was defined as the ratio of the difference to the sum of the y-coordinates of the two edge points on two adjacent columns, and the external one was the difference in gray scale between the two pixels above and below the edge point of interest in the polar-coordinate image. The cumulative cost of an outline was dynamically calculated column-by-column from the first column to the last column in the polar-coordinate image 5 .
In order to overcome the large "jump" between the last and first columns, we extended the polar-coordinate image by repeating the original polar-coordinate image twice. The optimal outline of the nodule candidate was obtained from the second half of the extended polar-coordinate image.
After the calculation of the cumulative costs of all points on the last column, a backward search strategy5 was employed to determine the optimal outline. The pixels on the optimal outline of a nodule candidate were then transformed back to the small ROI image, and adjacent edge pixels on the optimal outline were connected by straight lines to form a closed and continuous curve. 
Feature determination and false positive reduction by use of a stepwise linear classifier
Thirty-three features were determined from each ROI based on gray scale, shape, symmetry, and locations of nodule candidates, which were shown in Tab. I
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. The features based on the symmetry in the vertical (or horizontal) direction were defined as the ratios of the absolute difference to the sum of the number of the pixels in the segmented nodule candidates in the top and bottom (or in the left and right) halves of an ROI. 
Features based on shape ( Features 7-26)
Degree of circularity, compactness, area, eccentricity, effective, diameter, the ratio of the length of the minor axis to the length of the major axis of the ellipse that had the same second moments as the region of the nodule candidate, the logarithm of the first three moment invariants, and the maximum absolute value of the Fourier descriptors of the initial detection area ( . For the output of the classifier, an "optimal" threshold was employed to remove some nodules and many false positives for minimizing the overtraining effect. Finally, the remaining nodule candidates were input into the linear classifier again, and the above steps were repeated until an expected sensitivity was reached. The conventional CAD scheme ends here, and the fusion CAD scheme includes two additional steps below.
A i
Registration of the nodule candidates
Given our image acquisition geometry, a nodule in the three projection images of a subject should have the same ycoordinate but different x-coordinate. Therefore, we registered and shifted the two images at +/-3 degrees with respect to the PA image to reduce the difference in x-coordinate.
The PA image was considered as the template image. The image at 3 degree was moved rightward for 5-25 pixels, and thus provided 21 search images. The "optimal" search image, which had the minimal absolute difference in the pixel value with the template image, was considered as the registered image with the PA image. We also registered the image at -3 degree with the PA image by using a similar method.
Although the lung areas were well matched by the above registration method, the horizontal location of a nodule in the two images could still differ by a small amount, depending on the distance between the nodule and the x-ray detector. Taking into account of this small difference and errors caused by noise, the permissible error ranges in the x-and y-coordinate for registering a nodule candidate in the two matched images were set to 10 pixels and 5 pixels, respectively.
Specifically, for a nodule candidate at the location (x,y) in the PA image, if there was no nodule candidate in a rectangular area of 20×10 pixels centered at (x,y) in the registered image at 3 degree, the nodule candidate in the PA image would have no matching nodule candidate; if there was a single nodule candidate in the rectangular area, the two nodule candidates were considered as the same one; if there were more than one nodule candidate in the rectangular area, the one, whose size was the closest to that of the nodule candidate in PA image, was selected as the registered one, and the other nodule candidates would be used to match with remaining nodule candidates.
In this study, we first registered the detected nodule candidates in the PA image with the nodule candidates in the images at 3 and -3 degrees, and then registered the nodule candidates in the two images at +/-3 degrees.
False positive reduction by use of correlation information between nodule candidates
After the registration, if a nodule candidate was detected more than once in the three images of a subject, it was retained as a "true" nodule. Otherwise, it was removed as a false positive. Figure 2 shows the detection result of a patient by the conventional CAD scheme at the 60% sensitivity. The circles and squares represent the nodule candidates detected only once and more than once, respectively, and the diamonds indicates the true nodule. For this example, all the false positives were removed by the integration of correlation information between the nodule candidates in the three projection images. 
RESULTS
Performance levels of the conventional CAD scheme for each view of multiple projection images
A leave-one-subject-out method was employed to evaluate the performance of our CAD schemes. First, the conventional CAD scheme was applied to each of the three views independently. Figure 3 shows the FROC curves of the conventional CAD scheme for each of the three views. It is apparent that the difference in detection 
Performance levels of the conventional and fusion CAD schemes for the three views combined
We then applied the conventional and fusion CAD schemes with the three views combined. Figure 4 shows the FROC curves of the conventional and fusion CAD schemes. Compared with the conventional CAD scheme, the fusion CAD scheme markedly improved the performance of nodule detection. Table II indicates that at the sensitivities of 70%, 65%, 60%, the conventional CAD scheme reported 20.4, 13.6 and 8.8 false positives per image, respectively, whereas the fusion CAD scheme significantly reduced the number of false positives to 6.4, 3.9, and 1.6 per patient, and 4.5, 2.8, and 1.2 per image, respectively. 
DISCUSSION
In this study, we developed a new fusion CAD scheme to solve the problems of low sensitivity and high false positive rate by use of the correlation information between the nodule candidates. This strategy is very effective in improving the performance of computerized nodule detection, especially when the nodules to be detected are small and of low contrast. To our knowledge, this is the first study of its kind in the field of CAD.
Because the nodules were real target objects and false positives were caused by either noise or non-nodules, the nodules were more likely than non-nodule to be detected multiple times in the multi-projection chest radiography by the conventional CAD scheme and retained as nodules by our fusion CAD scheme, as shown in Fig. 2 .
The high noise level, along with the small size and low contrast of the nodules, would be the three primary reasons for the low performance of our conventional CAD scheme. The noise level is higher in the multi-projection radiography than in regular PA radiography due to the low radiation dose for acquiring each of the three projection images. The mean diameter of the nodules in this study was 6.4 mm, which is much smaller than the mean diameter Fig. 3 . FROC curves of the conventional CAD scheme for nodule detection using each of the three views independently. Fig. 4 . FROC curves of the conventional CAD scheme and fusion CAD scheme using all three views. By integrating correlation information in multi-projection chest radiology, the performance of the fusion CAD scheme was markedly improved over that of the conventional CAD scheme.
(17mm) of the nodules in a public database 8 that was used by many existing CAD schemes [9] [10] [11] [12] . The contrast of the simulated nodules was low, ranging from 5% to 15%.
Due to the small number of real nodules, many simulated nodules were used to train and test our CAD schemes. We believe that, if we used real nodules rather than simulated nodules to train and test our CAD schemes, the conclusion of this study would not change; that is, the performance of nodule detection can be markedly improved by use of correlation information between the registered nodule candidates in multi-projection images.
CONCLUSION
In this study, we developed a conventional CAD scheme and a fusion CAD scheme for lung nodule detection in multi-projection chest radiography. The fusion CAD scheme employed the correlation information between the registered nodule candidates to markedly improve the performance of nodule detection.
